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Abstract: The present study compares subjects with varying degrees of product expertise with
regards to their ability to provide a sensory profile of beverages. Eight premium beers were evaluated
by three different panels using a Napping® test, followed by a descriptive task. Two panels were
constituted of consumers, classified according to their self-assessed product expertise into “Novices”
(N = 14) and “Enthusiasts” (N = 26). The sensory panel at a large brewery, and a group of master
brewers constituted the third panel (“Experts”, N = 15). The Napping® data from the three panels
were digitalized using a coordinate system, whereas attributes were entered separately and treated
as frequency table crossing products and attributes. The position data were analyzed by Hierarchical
Multiple Factor Analysis (HMFA). Partial Least Squares-Discriminant Analysis (PLS-DA) was used
to test differences between the three panels with regards to the use of attributes. The HMFA results
showed a separation of the samples into two distinct groups on the first dimension, whereas the
second dimension highlighted the specificity of two of the samples. RV coefficients between partial
configurations obtained from the three panels were all above 0.90, indicating high configurational
similarity. In contrast, PLS-DA showed significant differences in the use of attributes, particularly
between Experts and Novices, suggesting that product expertise is more associated with descriptive,
rather than perceptual, ability.
Keywords: beer; sensory profiling; rapid sensory methods; Napping®; product expertise
1. Introduction
1.1. Sensory Profiling of Beer
Sensory properties of beers are of paramount importance for consumer acceptance. The extent
to which the assessment of taste, flavors and aromas in beers has occupied the minds of brewers,
flavor chemists and sensory scientists is evident from the ample literature compiled on the subjects [1].
Beer flavor has been studied extensively in the domain of analytical chemistry (e.g., [2]), and indeed
it is well known that a large number of compounds affect the sensory properties of beer, such as
sugars, organic acids, hop bitter acids, polyphenols, DMS and carbonyl compounds [3]. Although
instrumental measurements on chemical and physical parameters in beer are obviously valuable,
there is hardly a one-to-one relationship between an analytically determined compound and a specific
sensory attribute [1], which is why human assessors must be employed to collect information on the
sensory quality of beers.
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Indeed, sensory scientific approaches to evaluation of beer flavors abound in the literature, with a
significant share of this work even originated from within the brewing industry (e.g., [4]). Previous
studies have used sensory descriptive analysis (DA) for a variety of applications: e.g., to relate sensory
characteristics of beer to its chemical composition (e.g., [2]), ageing [5] or storage conditions [6]; to
define different brewing styles from a sensory standpoint [7], and to predict consumer preferences [8].
The majority of these studies have employed highly trained panels for sensory profiling of beers.
However, attempts at using consumers for sensory profiling of beers have also been reported. In a
classical study comparing panels with different degrees of expertise in a DA task, Clapperton and
Piggott [9] found that trained subjects and consumers are able to produce similar profiles (though
training was found to improve reproducibility and discrimination). Later, Gains and Thomson [10]
successfully conducted a home use test (HUT) in which they used a consumer population for sensory
profiling of a selected sample of lager beers. They concluded that consumers can validly profile beers,
provided that sensory differences are not extremely subtle, especially if they have at least some degree
of familiarity with the product [10]. A similar conclusion was reached by Chollet and colleagues [11]
who used a combination of sorting and a fast descriptive task.
1.2. Aims of the Present Study
Although DA is known to produce detailed, robust and repeatable results, as documented by
numerous scientific publications (for a review on the topic, see [12]), it has also certain drawbacks. It is
a very slow method, particularly because of the extended training phase. Second, it is a very costly
method. Maintaining a sensory panel is (usually) not affordable for, e.g., craft brewers, and can be a
significant spending also for large brewing companies. Lastly, it is possible that the trained assessors
experience the product differently from the final consumers, and/or that they may take into account
sensory characteristics that may be irrelevant for the consumers [13], providing high quality results
but with low external validity.
In order to address these drawbacks, a number of alternative descriptive methodologies have
been proposed over the years, most of which require little or no training, and are easily implementable
with trained panelists or consumers alike.
In the context of this research, it was considered of interest to explore the suitability of new
approaches for the sensory profiling of beers. It was chosen to focus primarily on Napping® [14]. This
choice was motivated by a number of factors: this method is reportedly fast, low-cost, and it requires a
smaller number of assessors than other sensory profiling methods [15,16]. Furthermore, it has been
used successfully, with both trained and untrained assessors, for sensory profiling of several beverages
categories, such as wine, beer, and high alcohol products [14–21].
The Napping® method was introduced by Pagès [14], and is a specific variant of the original
projective mapping [22], a method that is based on the idea that inter-perceived product differences
can be expressed as a Euclidean configuration in a unique session.
The method consists in presenting the samples simultaneously to each assessor, together with
a large rectangular sheet of blank paper of a size similar to a standard A2 sheet (60 by 40 cm),
which resembles a paper tablecloth (the word “napping” derives from ”nappe”—the French word for
“tablecloth”). Assessors are then instructed to evaluate the perceived the similarities (or dissimilarities)
between the samples, by positioning them on the sheet in such a way that two samples should be
placed very close if they seem identical, and distant from one another if they seem different. It is
stressed that assessors have to do so according to their own criteria, and that are not right or wrong
solutions. At the end of the task, assessors usually write the sample code in the place it occupies on
the sheet, or use post-its notes to that effect.
These data are digitalized using a coordinate system (the origin is customarily placed in the
bottom left corner, though it can be placed anywhere) and entered into a data matrix with products as
rows, and X- and Y-coordinates as columns. Finally, because Napping® itself is purely a sorting task, it
has become customary to instruct the assessors, once they have reached a final configuration, to add
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a list of sensory attributes that they find appropriate to describe the samples. This quick descriptive
procedure is usually referred to as Ultra-Flash Profiling (UFP, [20,21]).
A visual representation of a completed Napping® (+UFP) sheet is shown in Figure 1.Beverages 2016, 2, 1 3 of 11 
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Figure 1. Visual representation of a completed Napping® sheet.
The Napping® methodology has been recently suggested as advantageous for rapid evaluations
of beer as rapid product screening tool, to obtain feedbacks on product and process specifications,
and/or for generating a sensory vocabulary [15,16,23]. For larg r breweries, Napping® may be
an advantageous explorat ry too in preparation for more thorough sen ory assessment. For craft
breweries, which do not usually have access to conventional sensory panels, Napping® can be a useful
tool to, say, document the sensory outcome of experimental brews in a more systematic manner [15].
Before one can advocate its adoption with confidence, however, it is important to understand
methodological aspects of Napping® more in depth. Of relevance in this paper is the type of assessors
that are sui able for this task. Initial xploratory work has suggested th t product expertise might
increase panelist erformance hen valuating beer with a Napping® task [16].
In the present work, we delve deeper and more systematically into the question of whether
product expertise is related to the ability to provide a sensory profile of beers by a Napping® task. In
particular, the aim of the present work was to compare the performance of three different panels with
varying degree of beer-related expertise, with respect to two evaluative criteria: (1) perceptual similarity,
i.e., the d gree of configurational agreement between t s n ory spaces obtained at individual panel
level; and (2) descriptive similarity, i.e., the degree to which the three panels would use similar
attributes to verbalize their impressions of the beers.
2. Materi ls and Methods
This paper is partly based on a re-analysis of previously published data [23], and partly on new
data on the sam beers. For this reason, the main experimental procedures are briefly described below,
and the reader will be referred to the original publication for additional details.
2.1. Samples
Eight beers (six commercially available and two experimental) with very different sensory profiles
were chosen for the study. They included a pale ale brewed with elderflowers (“Fynsk Forår”, 5.0%
ABV), an Amber Ale brewed with beech twigs (“Bø ebryg”, 5.2% ABV), a br wn ale with Walnuts
(“Valnød Hertug”, 7.0% ABV), a dark ale with star anise (“Stjernebryg”, 8.0% ABV), a stout with juniper
berries (“Enebær”, 6.0% ABV), and finally a standard pale lager representing the most consumed
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beer type in Denmark (“Thy Pilsner”, 4.6% ABV). Two additional beers were developed by the
experimenters to represent novel ingredients not available in the context of Danish brewing at the time.
They were brewed from a base pale lager (4.5% ABV) with the addition of pine needle extract (“Pine”)
in one case, and sea-buckthorn juice (“Sea-buckthorn juice”).
Additional information on the samples are available in [23].
2.2. Assessors
Three different panels of assessors were recruited for the study. Two panels were constituted of
consumers, recruited through advertisement on social media, beer magazines and flyers.
Data from these two panels combined have been previously presented in [23], where they jointly
make up the “Napping” group. Here, we look deeper in the results by looking at subgroups of
consumers with different degrees of expertise. In the present paper, consumers were divided, based
on their self-reported beer-related expertise, into “Novices” (N = 14) and “Enthusiasts” (N = 26).
Beer-related expertise was assessed through a composite score comprising nine different measures:
six Likert items rated on a 9-point agree-disagree scale (“I know a lot about beer”, “I can easily name
and recognize several beer types”, “I am very interested in beer”, “I often try out new beers”, “I often
take part in beer-related events”, “I am interested in knowing more about beer”), and three measures
of consumption frequency (beer drinking frequency, typical intake at a drinking event, number
of different beers consumed per month). This set of items was found to be very unidimensional
(Cronbach’s alpha = 0.90), and its median was used as a divide to assign consumers into the two
experimental groups.
Additionally, a third sensory panel was recruited to include assessors with both high technical
expertise on beer and brewing and formal experience with sensory evaluation. This third panel was
recruited through the authors’ personal network, and comprised the trained sensory panel at a large
commercial brewery, and a group of master brewers (“Experts”, N = 15).
All assessors received a token incentive for their participation (a 50 cl bottle of craft beer,
commercial value approximately $10 USD).
2.3. Experimental Procedures
After receiving a brief introduction to the task by an experimenter, assessors were served all the
beer samples (40 mL each) simultaneously on a tray. The serving temperature was approximately 10 ˝C.
The samples were served in 24 cl beer glass covered with watch glasses and coded with three-digit
random numbers. In addition to the tray with the samples, each assessor was provided with a
60 ˆ 40 cm blank paper (the Napping® sheet), a pen, post-its, and a spittoon. Waters and crackers
were made available to the assessors as palate cleansers.
The assessors were instructed to evaluate the beer samples according to similarities or
dissimilarities with respect to smell and taste attributes (this modality restricted version of Napping®
is sometimes referred to as “Partial Napping®” [15]). The task consisted in placing similar samples
close to each other and more dissimilar samples further apart on the Napping® sheet. The tasting
order on the individual trays was randomized across assessors to minimize position effects (although
it should be noted that the method allows assessors to re-taste a sample at will).
After they had reached a final configuration on their individual sheets, assessors were instructed
to write down any sensory attributes they thought was appropriate for describing each sample (UFP).
Most assessors completed the task within 30 min.
2.4. Data Analysis
The analysis performed comprised two main parts: (1) an analysis of the sample spaces generated
using the Napping® data; and (2) an analysis of the descriptive outputs (the UFP data). The analysis of
the sample spaces was directly related to assessing whether the three panels would differ with regards
to the perceptual spaces generated. To this end, Hierarchical Multiple Factor Analysis (HMFA [24]) was
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used. This method is a generalization of Multiple Factor Analysis (MFA [25]) applicable to situations
when the data at are hierarchically structured. In MFA, the goal of the analysis is to integrate different
groups of variables describing the same observations, and to balance their influence by using a scaling
procedure based on the variance associated with each group of variables. HMFA shares the same
goal, but it balances the role of the groups of variables by applying MFA in a stepwise fashion within
each node of the hierarchy. As a result, it provides graphical displays that can be interpreted from a
global perspective, as well as from the perspective of the groups of variables hierarchically defined [24].
In the present context, we defined two levels of hierarchy, resulting in the structure illustrated in
Figure 2. The first level is associated with the individual assessors’ sheets, i.e., 55 groups of variables
corresponding to the X- and Y- coordinates for each beer sample. The second level was associated to
the three different panels and contains the variables associated with Novices, Enthusiasts and Experts.
In HMFA, a succession of MFA is applied to each level of the hierarchy from the bottom to the top of the
hierarchy, in order to balance the groups of variables within every level. HMFA starts by performing
individual Principal Component Analysis (PCA) models on these mean-centered data and applies
a scaling factor corresponding to the square root of the first eigenvalue obtained in the individual
PCA models. HMFA proceeds sequentially to performing another MFA on the next three groups of
variables, and then perform a global PCA on the merged data set.
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Figure 2. Visual representation of the data structure for the two levels HMFA.
HMFA visuals were used in this paper to inspect the sample space obtained by the Napping®
methodol gy bot at the aggregated level, but also at the level of partial configurations obtained
from the three groups of assessors. This was done both qualitatively, i.e., by visual inspections of
partial configurations superimposed to the sample space, as well as quantitatively by computing
RV coefficients between configurations obtained by each of the three panels. The RV coefficient is a
measure of configurational similarity that is commonly employed for stimating similarities between
sensory spaces on the sam products [25]. It is a multivariate g neralization of the simple correlation
coefficients, and takes values between 0 and 1, where 1 indicates a perfect correspondence between two
groups of variables. The significance of the RV coefficients was tested using a permutation test [26].
The second part of the analysis concerned the descriptive output provided by the assessors
during the UFP task. To thi end, attributes from the UFP were collected in o an occurrence matrix
(samples ˆ attribute ˆ Panel) containing the number of times an attribute was mentioned to describe
a specific sample by a specific panel. Semantic grouping of attributes indicating the same sensory
sensation (e.g., “citrus fruit” and “citrusy”) was performed prior to further analysis. Moreover, only
attributes menti ned more th n five ti es in tot l were considered. Both a priori semantic grouping
and the adoption of a cut-off point are commonly applied to improve interpretation of UFP data
(e.g., [16,23]). The data were further split into a design matrix consisting of the number of beers times
the number of panels, and a second matrix containing the actual UFP data. Partial Least Squares
Regression-Discriminant Analysis (PLS-DA) [27], a form of discriminant analysis in which the design
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factors are used as predictors in the context of Partial Least Squares Regression, was used to estimate
the effect of each design variables on the use of the UFP attributes, as recently suggested for similar
type of data [28]. Significance of the effect was further tested by Pearsons’ chi-squared test run, on an
attribute by attribute basis, to test the hypothesis that belonging to a certain panel would be related to
the proportion of using a specific attribute. Yates correction for continuity was applied as cell count
was sometimes less than five for attributes that were less frequently mentioned.
All analyses were performed in R [29], using functions from the “FactoMineR” package [30] and
the “pls” package [31].
3. Results and Discussion
3.1. Configurational Congruence
Figure 3 shows the first two dimensions of the HMFA model (63% variance explained)
representing the sensory differences between the samples as captured by the Napping® method,
both at an overall level and at the level of individual panel configurations. At an overall level, the
HMFA model showed a separation of the samples into two distinct groups on the first dimension.
The first group included the lagers and pale ales (Pine beer, Sea-buckthorn, Fynsk Forår and Thy
Pilsner), which were opposed to the darker ales and stouts (Stjernebryg, Enebær Stout, Valnød Hertug
and Bøgebryg). Clearly, this dimension describes variation related to malt roasting, and indeed this
was reflected also in the choice of UFP attributes associated with these two groups. The first group was
associated to attributes such as “sour”, “fresh”, “floral”, “fruity” and “light”, whereas the second group
of beers was associated to attributes as “sweet”, “licorice”, “alcoholic”, “full bodied” and “caramel”.
The second dimension highlighted the differences between two of the light beers, Pine beer and Thy
Pilsner, which were described, respectively, as “piney” and “hoppy”. A complete characterization of
the samples is outside the scope of this paper and the reader is referred to [23] for a more in depth
discussion of these sensory differences.
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Figure 3. First and second HMFA dimensions showing the consensus sample space, with superimposed
representation of the partial points obtained by the three panels.
Of importance in this context is rather to evaluate the configurational similarity between
configurations obtained by the three different panels which, in Figure 3, are represented as partial
points superimposed to the consensus configuration. This plot allows a graphical evaluation of the
differences by looking at the distance between the consensus point and the partial points. By looking
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at Figure 3 it can be seen that, although some differences are noticeable, the partial points are rather
close to the consensus and to each other, especially with respect to their coordinates on the first HMFA
dimension (the dimension of maximum variance).
The high configurational congruence, inferred qualitatively from visually inspecting Figure 3,
was fully confirmed from the computation of the RV coefficients between the partial configurations
obtained from the three groups (Table 1), which were all above 0.90. These values are very high
considering that, as a point of comparison, RV values higher than 0.85 have been generally considered
to indicate good reproducibility between replicate evaluations by trained panels [32].
Table 1. RV coefficients between partial configurations and associated p value.
RV p
Experts vs. Novices 0.92 0.003
Experts vs. Enthusiasts 0.93 0.003
Novices vs. Enthusiasts 0.91 0.005
Taken collectively, the HMFA results indicate that the three panels perceived the beers similarly
and produced similar configurations using the Napping® methodology. Thus, product expertise did
not significantly affect perceptual ability in this experiment.
However, it is important to notice here that these conclusions refer to a product space with
relatively large sensory differences. For instance, a recent study on wine where product expertise
was directly manipulated, showed that the latter increased the perceptual discrimination of subtle
differences [17]. Therefore, whether the same results obtained in this paper would hold for a sample
space with small differences is unclear and warrants further investigations.
3.2. Verbal Description
Table 2 shows regression coefficients from PLS-DA describing differences between the three panels
in the use of the UFP attributes, as well as chi-square test results indicating the significance of such
differences. Significant differences in the use of terms based on the different expertise were observed
for 13 attributes out 57 attributes, corresponding to 23% of the total. Therefore, product expertise
did not have a significant effect for the majority of attributes elicited during UFP. Nevertheless, if we
focus on the attributes that did differ in usage frequency across the three panels, some insights emerge.
It seems that experts tended to use more specific words that could not easily be detected without
knowing the corresponding sensory concept and reference. The attributes “ester” and “sulfuric”, are a
good example of this. Esters and sulfuric compounds are very important in beer flavor, and have very
clear references in the beer world, as reported in established tools such as the beer “flavor wheel” [33].
Their usage is strongly associated with the expert group (Table 2) which obviously is more likely to
have come across these sensory tools. Interestingly, however, these two attributes have counterparts in
more “lay” sensory language such, as respectively, the attributes “banana” and “yeasty”. These two
attributes which were also mentioned by our panels, but did not differ in their usage. This seems to
suggest that, while sensory perceptions associated with ester and sulfur compounds were perceived
by all panels equally, only the experts characterized them as such.
On the contrary, there was a tendency of novice assessors to use holistic and emotional words
such as “Autumn”, “Summer”, and “Winter” (Table 2), and with abstract attributes such as “Heavy”.
This suggests a tendency to use emotional conceptualizations in addition to sensory terms, which
might indicate that novice assessors were more holistic and less analytical relative to assessors who
are more used to evaluating beer. In conclusion, some minor differences between the three panels
were found with regards to usage frequency of specific terms, and such differences were ostensibly
related to product expertise. Taken collectively, the results so far presented appear consistent with
extant research on the topic that point at product expertise being important for verbalization of sensory
perceptions, but less so for perceptual ability [11,34–36].
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Table 2. Regression coefficients from PLS-DA showing the effect of product expertise on the use
of sensory attributes elicited during the UFP. Attributes are ordered by total frequency of mention.
Significant effects (chi-squared test) are reported in bold typeface and refer to differences of usage
frequency of these terms across the three groups.
Attribute Novices Enthusiasts Experts Total χ2 (2) p Value
Sweet ´2.2 +2.9 ´0.6 127 4.2 0.123
Bitter ´1.1 +1.4 ´0.2 102 1.0 0.613
Hoppy ´1.3 +2.4 ´1.1 55 8.4 0.015
Caramel ´1.6 +1.4 +0.2 49 0.2 0.678
Sour ´1.0 +1.0 ´0.1 47 1.8 0.410
Light +0.1 +0.1 ´0.9 33 4.8 0.090
Liquorice ´0.2 +0.3 ´0.1 32 0.3 0.863
Acidic ´0.8 +0.6 +0.2 29 4.7 0.093
Spicy +0.2 +0.2 ´0.4 28 0.7 0.702
Full ´0.4 +0.6 ´0.3 26 0.5 0.781
Malty ´1.0 +1.0 +0.1 26 6.8 0.033
Elderflower ´0.1 +0.8 ´0.6 25 3.5 0.174
Fruity ´0.7 +0.1 +0.4 25 5.0 0.082
Floral ´0.1 +0.5 ´0.5 24 2.2 0.324
Alcoholic ´0.6 +0.3 +0.3 21 4.2 0.124
Citrus ´0.1 +0.5 ´0.4 21 1.3 0.519
Fresh +0.1 +0.5 ´0.7 21 4.1 0.126
Piney +0.3 +0.7 ´1.0 20 5.4 0.068
Yeasty ´0.3 +0.4 ´0.1 20 0.5 0.760
Pilsner ´0.5 +0.5 +0.1 19 0.3 0.867
Neutral ´0.5 +0.3 +0.1 17 2.5 0.291
Nutty +0.1 +0.4 ´0.5 17 4.8 0.090
Strong +0.1 ´0.1 +0.1 17 2.3 0.319
Smoky +0.4 ´0.4 ´0.1 15 8.7 0.012
Burnt ´0.5 +0.6 ´0.1 14 5.5 0.041
Thin +0.2 +0.1 ´0.3 14 2.7 0.263
Dry ´0.5 +0.4 +0.1 13 4.6 0.100
Grainy ´0.4 +0.6 ´0.2 13 2.6 0.273
Summer +0.3 +0.1 ´0.4 13 6.3 0.042
Watery ´0.4 +0.6 ´0.1 13 3.1 0.211
Coffee ´0.4 +0.5 ´0.1 12 4.3 0.118
Ester ´0.5 ´0.5 +1.0 12 25.2 <0.001
Roasted ´0.2 +0.4 ´0.3 12 1.8 0.393
Soapy ´0.1 +0.4 ´0.3 12 1.8 0.393
Woody +0.5 ´0.1 ´0.3 12 11.1 0.003
Apple ´0.3 +0.1 +0.2 11 3.4 0.181
Walnut ´0.2 +0.4 ´0.2 11 1.2 0.544
Anise ´0.2 +0.4 ´0.2 10 2.3 0.320
Chemical ´0.2 ´0.3 +0.4 9 11.8 0.003
Chocolate ´0.2 +0.5 ´0.3 9 3.4 0.180
Christmas ´0.1 ´0.1 +0.1 9 1.4 0.494
Old ´0.4 ´0.2 +0.6 9 14.6 <0.001
Round ´0.2 +0.2 ´0.1 9 0.2 0.879
Berries +0.2 ´0.1 ´0.2 8 5.9 0.052
Banana ´0.3 +0.3 ´0.1 7 2.7 0.260
Heavy +0.4 ´0.1 ´0.3 7 13.7 0.002
Herbal +0.4 ´0.3 ´0.1 7 9.2 0.005
Honey +0.1 +0.2 ´0.3 7 2.9 0.230
Regular +0.1 +0.1 ´0.1 7 3.7 0.151
Spring +0.1 +0.2 ´0.3 7 2.9 0.230
Sulfuric ´0.3 ´0.1 +0.5 7 12.3 0.003
Autumn +0.2 +0.1 ´0.2 6 6.0 0.050
Low bitterness ´0.2 +0.2 +0.1 6 2.7 0.260
Medicine ´0.2 +0.3 ´0.1 6 3.5 0.176
Perfume +0.1 ´0.1 ´0.1 6 0.5 0.786
Weak ´0.1 +0.1 ´0.1 6 0.4 0.815
Winter +0.2 +0.1 ´0.3 6 3.1 0.140
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Nevertheless, let us note here that differences were found only for a minority of the attributes
considered. Overall, these results do not point at a large effect of product expertise on verbal ability in
a Napping® task.
4. Conclusions
This work has compared the performance of panels with varying degrees of product expertise
with regards to their ability to provide a sensory profile of eight premium beers using the Napping®
method, followed by a descriptive task. All three panels generated similar sample spaces, but differed
to some extent in their use of sensory attributes. In particular the level of expertise was associated with
a better (i.e., more specific) use of sensory attributes.
The results obtained in this work confirm previous claims that consumers can validly be used
for sensory profiling of beer using the Napping® method [15,16], but suggest that experts might
outperform novice assessors if verbalization of the sensory attributes is required. This supports and
extends the findings obtained by Clapperton and Piggott [9], and by Chollet and Valentin [11], who
reached similar conclusions by applying different approaches to beer evaluation (respectively, DA,
and a combination of sorting and UFP).
More in general, these results are in agreement with previous claims that the issue of expertise is
more related to the quality of the sensory terminology than to perceptual abilities.
From an applied perspective, the results obtained in this study (in particular, the high
reproducibility of sensory information obtained across different panels) add further validity of the
Napping® methodology, and allow us to advocate with greater confidence its use in the brewing
industry for rapid sensory profiling, either in preparation to more formal sensory profiling or even,
when time and resources are limited, as a stand-alone sensory profiling method.
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